Abstract. This paper presents the result of an adaptive region growing segmentation technique for color document images using an irregular pyramid structure. The emphasis is in the segmentation of textual components for subsequence extraction in document analysis. The segmentation is done in the RGB color space. A simple color distance measurement and a category of color thresholds are derived. The proposed method utilizes a hybrid approach where color feature based clustering followed by detailed region based segmentation is performed. Clustering is done by merging image color points surrounding a color seed selected dynamically. The clustered regions are then put through a detailed segmentation process where an irregular pyramid structure is utilized. Dynamic and repeating selection of the most suitable seed region, fitting changing local condition during the segmentation, is implemented. The growing of regions is done through the use of multiple seeds growing concurrently. The algorithm is evaluated according to 2 factors and compared with an existing method. The result is encouraging and demonstrates the ability and efficiency of our algorithm in achieving the segmentation task.
Introduction
As compared to the binary and gray scale document images, color document images contain much richer set of information. The use of varying colors allows the subject textual area to be distinguishable from the background and non-subject regions. On the one hand, the color attribute provides an additional avenue for the extraction of textual components. On the other hand, it also introduces new complexity and difficulties. First is the variety of color spaces that can be used where each has its pros and cons. No single space is general enough for all uses. Second is the distance measurement problem. Till date there is yet a standard and precise way of measuring color distance, which is a crucial parameter for all segmentation tasks. Third is the number of unique color points. In a frequently used 24-bit true color image, the number can reach 16 millions. This will intensify the processing complexity. Nevertheless, there are various proposed methods attempting to overcome the problem and complexity in order to benefit from the advantage of using the color attribute in the segmentation process.
There are many proposed techniques for color segmentation. As categorized by [1] , color segmentation can be divided into feature-space based, image-domain based and physics based techniques. Feature-based methods focus their attention only on the color features where color similarity is the key and only criterion to segment image content. Spatial relationship among color is ignored. This has resulted in a problem where the segmented regions are usually fragmented. Extra and elaborate postprocessing is required to retain the compactness of the regions. Image-domain based methods belong to a category of methods that take spatial factors into consideration. The technique utilizes both color and spatial factors in its homogeneity evaluation. Splitting/merging and region growing are two main techniques used in this category. The common processing steps are the selection of a seed region, the growing or splitting of regions from this seed point, the merging of homogenous regions and a stopping criterion for growing or splitting. By nature this is a sequential process where each pixel and all its neighbors have to be evaluated. The processing order becomes critical at points with the same homogeneity value. The selection of a suitable seed region is another problem where the initial selected seed region may dominate the growing or splitting process. Although many proposed methods attempt to solve this problem by making the best selection, the suitability of a region being a seed point does change during the segmentation process. These problems are reported in [1] and [2] . Physics based techniques are mainly used to process real scene images where the physical models of the reflections properties of materials are utilized.
Despite the large number of proposed color segmentation algorithms, only a handful of them have directly addressed the document image processing domain with the focus in text segmentation and extraction. The key requirement in this domain is not so much in attempting to find the best approximation in terms of the color features. Rather, the emphasis is on how well the segmentation process can achieve the retention of major document components (i.e. text or non-text) and at the same time realizes the compactness within each component. The challenge is to have just a sufficient number of unique colors for the former and minimizing the color uniqueness to attain the later. The method proposed in [3] processes colors in the HSI color space. Color clustering is applied only to the Hue component based on the concept of local maximum where a chain of pointers is constructed pointing to the neighboring Hue values with a larger pixel count. Regions are thus segmented by grouping pixels with Hue values pointing to a same local maximum. As seen in this method, a very intricate post-processing stage in performing connected component analysis is required to merge fragments of textual region. In [4] , the same clustering concept is used in the RGB color space. It divides the RGB Cartesian space into multiple numbers of fixed size cubes where each cube will hold the occurrence of pixels having the color defined within the cube. A pointer chain is then constructed by analyzing the 26 potential neighboring cubes to locate the local maximum with the highest number of occurring pixels. It differs from [3] in its performance of clustering in a three dimensional space and the addition of a 4 th dimension taking the spatial factor into consideration. The additional dimension is defined by dividing the image plan into horizontal strips where each strip will contain a fix number of image rows. Each bin in the 4 th dimensional space will now contain the pixel occurrence of a specified color range located along a certain strip. Although it overcomes some of the problems faced due to the lack of spatial factor, the effectiveness is restricted to the size of the cube and the widths of the strips. The accuracy of the segmentation result will also depend on where the color space and the image plan are divided. Despite the problem it is an efficient method capitalizing on the efficiency and simplicity of using histogram and at the same time incorporating the spatial factor in the clustering progress. Another conceptually similar system proposed in [5] also attempts to incorporate spatial information into a feature-based type of color clustering. In view of all the proposed methods, our contributions are in 4 areas. First is in the area of color measurement where a simple measurement method in the RGB color space is derived as described in section 3. Second is in the area of color quantization where an efficient method without the need of a color histogram is proposed in section 4.1. Third is in our region growing method where seeds are selected dynamically and repeatedly to suit the best local condition, which avoids the problem of having a fixed seed dominating the entire growing process. The problem of sequential processing encountered by the other region growing methods is also addressed by having multiple seeds to grow concurrently. The fourth area is in our use of the irregular pyramid structure which differs from the traditional pyramid in that it constructs the pyramid from an intermediate level instead of the original base level in pixel format. It has greatly enhanced the processing speed. The final contribution is described in section 4.2.
Color Space and Distance Measurement
In color segmentation the RGB color space is most commonly used where each color is represented by a triplet red, green and blue intensity. HSI is another common color space where a color is characterized by the degree of Hue, Saturation and Intensity variance. Another category of color space is based on the CIE color model. The main aim of this model is to provide a uniform color spacing that facilitates direct measurement of color distance. L*a*b* is one of such color space. While selecting a color space for image segmentation, the key consideration is the ability to have an accurate and efficient way to measure color distance. Color distance is used as a measurement of color similarity where pixels/regions satisfying a certain degree of color homogeneity are grouped to form a cluster. In this aspect the CIE L*a*b* color space seems to be the most promising where the color distance can be computed directly from the Euclidean distance of the Lab coordinates (i.e. delta-E). In spite of this, not many proposed methods make use of this color space. This may be due to the complexity of its conversion process from the RGB color space and also some controversy in its accuracy. In HSI color space, color distance is frequently measured along the individual axis separately. Although the Hue component alone can be used to measure color similarity as in [6] , it is not sufficient for detailed segmentation. Both Saturation and Intensity value must also be utilized for finer segmentation results as in [3] . In addition to this requirement to analyze the three axes separately, a further complication exists when the Saturation value is low where all colors look almost the same despite varying Hue value. This is reported both in [1] and [7] . In view of these problems we have decided to use the RGB color space. It is efficient because no conversion is required. Although it also suffers from the non-uniformity problem where the same distance between two color points within the color space may be perceptually quite different in different parts of the space, within a certain color threshold it is still definable in terms of color consistency.
In order to analyze the color distance measurement in the RGB color space for the definition of color similarity, we have conducted an experiment. The experiment starts with a pivot color. It will then randomly generate 620 non-repeating variation of color points with the same distance from the pivot color computed by using the same distance function (i.e. Euclidean or Manhattan). The color point is a 20x20pixels square which is about the size of a 12point character. All colors are then visually inspected by 10 human subjects to determine its similarity. Each observer will vote for one of the 7 categories as shown in table 1. This process is then repeated for color distance, in the range of 10 to 500 by a step of 10, computed by different distance measurements. The final result is obtained by taking the majority vote. The result of the experiment reveals that the Manhattan distance is a better distance measurement where the generated color points exhibit a more stable visual color similarity. In contrast, the Euclidean distance measurement will produce a wider variation of color perception with the same color distance. This finding shows that color is formed by the additive of the varying red, green and blue intensity and not so much of the physical Euclidean distance between the color points. The various categories of threshold limit obtained through the experiment are shown in table 1. It is categorized into 4 main groups. The first group belongs to those below 71 where the same color is observed with a very low intensity variance. The second group ranges from 71 to 120 where the color appears to be from the same color series (e.g. dark/light brown) with varying degree of intensity. The third group ranges from 121 to 190 where different colors are observed with varying color ranges. Color above 190 becomes quite random and thus is considered as undefined and cannot be interpreted.
Threshold
Visual inspection result 10 Very random occurring color.
Based on this experimental result, the following color distance function is derived. The function will compute the total absolute variation of the respective RGB values between 2 color vectors (i.e. C i and C j ). The further additive factor σ is to discriminate between well distributed color variance among all RGB values and those with un-even variance distribution. The former reflects better color consistency than the later. If the distance is within the threshold T 1 then the 2 colors are considered "close". Otherwise they are treated as 2 unique colors. Although the use of a single threshold to determine the "closeness" between two colors may not be the most Table 1 . Categories of color threshold limits precise way of color measurement in the RGB color space, in our context for text segmentation it is more than sufficient. In [8] , the authors also make use of a human perception evaluation of color differences to guide the color clustering process. 
Proposed Method
Our proposed method is a combination of color feature based and region based color segmentation process. The algorithm utilizes a color feature based technique to perform fast segmentation of regions with very close colors in a pre-processing stage. Based on the result, region-based growing method is then employed to perform detailed segmentation of the remaining regions taking both color and spatial factors into consideration.
Pre-processing stage
In a 24-bit true color input image, the number of unique colors will frequently exceed half of the image size. Most of these colors are perceptually close and cannot be differentiated by human beings. In our study of the RGB color space, a color variance of 30 and below will fall into this category. As a result the pre-processing stage will attempt to aggregate colors within a boundary of T 1 =15 surrounding the pivot color as a cluster. This will ensure the maximum color distance among all colors inside the cluster is within 30. Due to the usually large number of color points, we employ a simple and yet efficient way of clustering. The process will loop through the entire image. As it moves, pivot color points are identified. A color point with variance exceeding 2 times the T 1 limit is inserted as a new pivot color. Those within the color limit are clustered with the closest pivot color. The efficiency and accuracy of this process lie in between fixed partitioning of the color space as in bit-dropping technique and the selection of a color seed by giving preference to a bigger region [8] . Our proposed method is more efficient without the pre-requisite to build a histogram for the selection of a suitable color seed. It is also more accurate than the bit-dropping technique by building the pivot color list dynamically as it loops through the image. As compared to bit-dropping where a fixed partition is used regardless of the actual color distribution, this process will avoid non-existent color points. The final output from this stage is a group of pixel clusters having color similarity within a limit of 30.
Detailed Segmentation Stage
This stage will perform a detailed analysis of the resulting clustered regions from the pre-processing stage and continue to merge regions having a larger color variance. Region growing is used as a means to perform clustering where an irregular pyramid structure [9] is used. A pyramid is a data structure holding image data points in successive levels of reduced resolution. The lowest level is the original input image at full resolution. Each successive higher pyramid level L i+1 will hold a smaller representative data set R i+1,k of the lower level L i . As a result L i+1 is a proper subset of L i where the number of data points on level i+1 (i.e. N i+1 ) is less than level i (i.e. N i ). rd is the selection of a new survivor which forms the candidate for the next higher pyramid level. The survivor selection process is based on the determination of local maxima. A region survives if it has the highest surviving value among its immediate neighborhoods. The final stage is the selection of children where each survivor will claim a set of neighboring non-survivors as its children. The process will then repeat for the next higher pyramid level. The detailed pyramid formation process is shown in our previous paper [10] . In the current context we can view the pyramid building process as a way to perform image segmentation by growing seed regions. The selection of a survivor is equivalent to the selection of a seed region. The claiming of non-survivors by the survivor as its children is comparable to the growing of the seed. In contrast to a regular pyramid, this effect can be achieved through the use of irregular pyramid structure because of its flexibility in survivor selection and the ability to perform selective claiming of suitable neighboring non-survivors. Intended segmentation result can thus be obtained through a suitable definition of the seed selection criteria and the appropriate designation of growing or claiming rules. In our algorithm the selecting and the growing of seed regions will follow three basic eligibility criteria. A region is eligible to participate in the selection and the growth processes if it satisfies all three eligibility criteria as shown below. The selection and the growth of a seed region will only occur among regions that exhibit spatial adjacency, color closeness and size inferiority. An arbitrary region X is eligible to participate in the process initiated by a pivot region S, if it is adjacent to the region S (i.e. neighbor). A neighboring region will only be considered if the color variance between itself and the pivot region S falls within a color threshold T 2 where the superscript 'c' denotes color. Finally only smaller neighbor in terms of size is evaluated where the superscript 'a' represents size. 
Unlike the traditional pyramid structure where the base pyramid level is the original input image in pixel format, our proposed algorithm will begin the pyramid in a region format (i.e. group of pixels). After the initial pre-processing stage, regions with small color variance are formed. Connected component analysis is then used to identify individual regions from the respective colors. These extracted regions will form the base of the pyramid. This change in using the intermediate result avoids the processing of the first few pyramid levels which are the most time consuming. After the formation of a pyramid base and the determination of neighborhood relationship, the survivor/seed selection process will begin. The selection process is based on a surviving value. The value is computed by allowing each region to vote for its closest neighbor satisfying the 3 eligibility criteria as defined before. The process will then determine a local maximum having the largest number of neighborhood's vote. Region that has the largest number of 'suitable' neighbors is a good seed candidate that will enable maximum "healthy" growing of the seed region into its surrounding. With the selected seed, the growing of region will begin. In a traditional irregular pyramid construction process [10] , this is the child selection stage where each survivor will claim a set of suitable surrounding non-survivors as its children. In our context, we will treat this stage as the growing of the selected seed regions into the eligible surrounding neighbors. Instead of having the seed actively growing into its neighbors, our algorithm allows the neighbors to take an active role in searching for the most suitable seed. A region X will become part of a seed S, if S is the nearest to the region X among all eligible seed regions α of X. Region X will evaluate all its surrounding seeds α, which it is eligible to evaluate, and merge with one having the lowest color variance. This will maximize the color closeness among regions that are merged. After this stage the entire process to construct another new pyramid level will repeat. A newly formed region R i+1,k on pyramid level i+1 will encapsulate a seed region R i,j , and a group of non-surviving regions β r on the lower level i. All the nonsurvivors β r are guaranteed to be the nearest eligible neighboring regions.
The pyramid construction process will stop when the reduction rate is below 0.1. Reduction rate is defined as the decreasing rate in the number of newly created regions on the next higher pyramid level. Through experiment we observe that 0.1 is the break-even point where any continuation in the growing process beyond this stage will not yield any noticeable improvement in the segmentation result. The next stage is the text extraction process where the connected components on each respective color layers are extracted and their textual status is verified. The verification is done through a simple component's size, width and height consistency check to determine its textual identity.
Threshold derivation
This section will describe the derivation of the threshold T 2 which is used in the eligibility function to determine the color closeness of two regions. Two regions are "close", if their color differences fall below this threshold. It is different from T 1 used in the pre-processing stage (i.e. section 4.1) which is an empirical value. The threshold T 2 (R i,j ) is dynamically and locally determined by taking the average of all color variances between the pivot region R i,j and all its neighbors N m (R i,j ). This will enable a good adaptation to the varying color contrast conditions across image regions. The design of the formula is based on the assumption that regions belong to the same image object will have lower color contrast than those in different image objects. During the initial growing stage of a region, the majority of the neighboring regions may belong to the same object. The threshold will provide an unrestrictive and yet steady growth of the regions. As the growing reaches its maturity (i.e. reaching the boundary) the majority of the regions with homogenous background will stop at this threshold value (i.e. average variance). For the remaining regions with a complex background, an upper color limit of T 3 is required to avoid excessive over segmentation of region. In order to have a suitable upper bound value that can apply to all situations T 3 is determined globally. As shown below T 3 is defined as the overall average color variance among all pixels P for the entire image plus the standard deviation among all the variances. In order to have a good estimate for T 3 
Experimental Results
Evaluation of color segmentation is not an easy task. There exists no general methodology to evaluate the correctness of a color segmentation result. The validity of the resulting colors and the segmented regions will vary according to the human perception and the original intent. As a result the measurement is more qualitative rather than quantitative. The existence of the wide variety of color space representations and the utilized segmentation techniques also add on to the evaluation complexity. This has also led to the difficulty in comparative study among algorithms.
Since the ultimate aim of our proposed algorithm is to achieve color document image segmentation in preserving both the major graphical and textual components with the later as the focus, we will evaluate the result based on 2 factors. The most important factor is to evaluate how well the algorithm can ensure spatial compactness in the segmented textual region. The 2 nd factor will assess the effectiveness in the retention of the original image content (i.e. non-text) after segmentation. The evaluation method for the 1 st factor is by counting the number of correctly extracted textual component from the respective color layers that is visually recognizable. The 2 nd factor is measured by visually counting the number of retained major features in the image. For doing a comparative study we will use the 'pointer' method [4] as described above. Figure 1 shows the test sample of a logo extracted on the web. After color segmentation and text extraction, all recognizable text regions are detected with minor over segmentation for the character 'A' (i.e. 1c, 1f). Figure 1b shows the segmentation result of the 'pointer' method where only the centre bigger texts (i.e. aitp) are extracted (i.e. figure 1e). All smaller texts along the circular path are classified as noise. As shown in figure 1d , the 'pointer' method has failed to group pixels within the character as a single color cluster. As a result, pixels belonging to the same character are fragmented into multiple color layers. Without further connected component analysis, each fragment of the character will be too small in size to be classified as text. The lack in the color value continuity for pointer chasing may be the main cause for the failure. Figure 2 is a test sample of an advertisement on the web for onions. As shown in figure 2f all text regions are extracted correctly by our method. In contrast, the 'pointer' method produces results as illustrated in figures 2d and 2e showing components on 2 different color layers holding the main bulk of the textual contents. In order to better demonstrate the degree of fragmentation, these images are used instead of the image after text extraction where most of the components are removed as graphic. As seen in these 2 images, the textual regions are split into 2 main color clusters. Although visually the representative colors for the 2 layers are close, both co-exist as the color peaks in their own local region in the feature space and thus they are clustered as 2 separate color layers. Figure 3 demonstrates the same effect for another test sample where the word 'On' and the character 'n' in 'volcanoes' are segmented into multiple color layers as shown in figures 3c, 3d and 3e. Our method has proven again to be effective with the correct and full extraction as shown in figure 3g . The test sample: weather service logo in figure 4e demonstrates the ability of our algorithm in preserving major regional contents (i.e. woman and tower) whereas the 'pointer' method has resulted in both regions almost being absorbed into the background area (i.e. figure 4c) . This may be due to the problem of using histogram where the color pixel count for both regions is Table 2 . Evaluation result small. The possibility of such a weak color becoming a local maximum is very low. As such it is absorbed by a neighboring stronger color in terms of the area coverage. The last sample in figure 4b shows an image having colors that are perceptually very close. This has stretched the 'pointer' method to its extreme where the result is a single cluster of color (i.e. figure 4d) . In contrast, our method (i.e. figure 4f) performs satisfactorily. The results after evaluating 38 images according to the 2 factors are shown in table 2 which confirms that our algorithm achieved the intended task. For textual components, our method achieved a 84% identification rate (i.e. 128/152) as compared to the 70% attained by the 'pointer' method. The majority of the results are satisfactory except for images with very high color variance among the textual fragments where the aim of compactness cannot be obtained.
Conclusions
We have proposed a novel color segmentation technique to be used for text extraction. The segmentation is done in the RGB color space. A simple color distance measurement (i.e. Manhattan) and category of color thresholds are derived. The proposed algorithm is divided into two stages. The initial pre-processing stage utilizes a dynamic seed selection and clustering process with very close color range. The clustered regions are then used as an input to the detailed segmentation process (i.e. 2 nd stage) where both color and spatial factors are considered. The segmentation is based on a region growing technique. Irregular pyramid is used for the segmentation. It differs from other region-growing methods in its selection of seeds and the way regions are grown. The algorithm is evaluated according to 2 factors and compared with the 'pointer' method [4] . The results have demonstrated the ability of our algorithm in achieving segmentation for text extraction.
